Abstract: To support many power management applications in wireless sensor networks, a previously developed model is modified to predict the terminal behavior of a supercapacitor under a dynamic charging/discharging power profile. In addition, a robust model parameter identification method based on the Genetic algorithm is developed to determine the model parameters using a dynamic test and a self-discharge experiment. Based on the supercapacitor power input model, charge redistribution related figures of merit are derived and used to evaluate the significance of charge redistribution for supercapacitors with various rated capacitance. The results show that supercapacitors with different sizes share similar charge redistribution phenomenon. Furthermore, the charge redistribution significance is studied from several perspectives to provide guidelines for designing power management techniques that can achieve full potential of the energy stored in the supercapacitors.
Introduction
As a viable complement to batteries, supercapacitors, also known as ultracapacitors, or electrochemical double-layer capacitors, have a much longer lifetime with the number of charge-discharge cycles greater than 500, 000 [1] . Moreover, the supercapacitors are known to have higher power density, which allows them to output relatively large current [2] . Additional advantages include simple charging requirement and robustness to temperature changes, shock, and vibration. The main disadvantages of a supercapacitor are its low energy density, which is about one order of magnitude lower than that of batteries, and the higher leakage rate, which results in a gradual drop in supercapacitor open circuit voltage. Rechargeable batteries [3] , on the other hand, feature higher energy density and lower leakage rate, but the capacity decreases with the number of charge-discharge cycles. Thus after one or two years' operation, the battery has to be replaced.
Because of its advantages, supercapacitors have been employed in various applications, such as electric, hybrid electric, and fuel cell vehicles [4, 5, 6] , public transportation [7, 8] , heavy machinery [9, 10] , subwatt energy harvester [11] , battery hybridization [12, 3, 13] , etc. Researchers in the field of wireless sensor networks have also proposed using supercapacitors as energy buffers [14, 15, 16] . For wireless sensor nodes with energy harvesting capabilities, for examples solar photovoltaic arrays [17] , it is not necessary to store a large amount of energy, therefore employing supercapacitor-based energy storage systems could effectively prolong the lifetime of the sensor nodes. In most applications mentioned, the supercapacitor is plugged into a microgrid through a converter [18] . As a result, a supercapacitor behaves as either a power load (when it is charging) or a power source (when it is discharging).
In wireless sensor network applications, a supercapacitor model that can predict its terminal behavior for given load/source power profiles is important to support power management. A supercapacitor model [14] , called the energy iteration equation (EIE) model, is developed based on the traditional capacitor model. In the EIE model, the relationship between the remaining energy of a supercapacitor and its leakage power is established first. Then the energy stored in the supercapacitor is predicted recursively given the power consumption and leakage power profiles. Based on this model, a leakage-aware feedback duty cycle controller is developed in [20] to maintain the energy neutral operation of sensor nodes. The EIE model only takes self-discharge into account and assumes self-discharge is the only internal energy loss. However, according to Yang [21] and Merrett [22] , the terminal behavior of supercapacitor can not be modeled by conventional capacitor model because of the special porous structure of the supercapacitor electrode. As a result, charge redistribution may also have significant impact on power management.
In the work of Zhang [23] , the authors propose a simple two-branch equivalent circuit model (VLR model) for wireless sensor network applications, which was shown to be able of capturing the supercapacitor behavior fairly well for given charging/discharging current profiles. It uses two RC branches to represent the intermediate and long-term behavior of supercapacitor and a large parallelly connected variable resistance to model the self-discharge of supercapacitor. In [26] , a practical model is developed from the VLR model to estimate the internal state of charge redistribution process of supercapacitor. The method uses the measured terminal voltage values as input, and calculate the quickly available energy and non-quickly available energy stored in the supercapacitor, presenting a good trade-off between accuracy and simplicity.
The charge redistribution is also studied in the work of Graydon [27] , which uses a two-branch equivalent circuit to model the charge redistribution and investigates an ultra-microporous aqueous electrochemical capacitor. The results indicate that on average 17.7 percent of charge are stored in the smallest pores and the resistance to ionic movement is four orders of magnitude higher than in the bulk electrolyte. The authors claim that a significant fraction of the capacitance of the electrode is not accessible during time frames of practical interest and is therefore wasted. Furthermore, a survey of the supercapacitor parameters in the literature of previous researchers indicate that the resistance ratios and capacitance ratios between that in the slow branch and that in the immediate branch are similar for various supercapacitors with organic electrolyte. However, the authors didn't provide a consistent investigation of the charge redistribution among different sizes of supercapacitor and answer the question of how to benefit from the charge redistribution in the power management applications.
To support many power management algorithms in wireless sensor networks, the model in our previous work [26] is modified to predict the supercapacitor terminal behavior using charging/discharging power profiles as input. In addition, a more robust model parameter determination method is developed based on the Genetic algorithm. Then the model is used to evaluate the significance of supercapacitor charge redistribution from three aspects. First, charge redistribution related figures of merit are derived and used to evaluate charge redistribution characteristics of supercapacitors with various rated capacitance. The results indicate that supercapacitors with different rated capacitance share similar charge redistribution phenomenon. Second, the potential impact of charge redistribution on power management is analyzed quantitatively for supercapacitors with various rated capacitance, which provides guidelines for the design of power management techniques. Finally, a simulated system with a supercapacitor connected to a wireless sensor node via an interface circuit is studied. The results show that charge redistribution is significant under different initial conditions, and the energy loss caused by the interface circuit is negligible comparing with the energy benefit from charge redistribution. These investigations indicate that regardless of the supercapacitor size and initial condition, the charge redistribution has an important impact on power management and thus needs to be taken into account for designing power management strategies.
The remainder part of the paper is organized as follows. Following the introduction, Section 2 presents the modeling method that describes the dynamic behavior of supercapacitor fed by a dynamic charging/discharging power profile. The model parameters are then identified using genetic algorithm. The charge redistribution significance of supercapacitor with various rated capacitance is investigated in Section 3. Its potential energy benefit is studied in Section 4. Guidelines for developing energy aware power management techniques are presented based on the energy benefit analysis. At last, the paper is concluded in Section 5.
Supercapacitor Power Input Model for Wireless Sensor Network Applications

Dynamic power-fed supercapacitor behavior
The supercapacitor is composed of two electrodes, electrolyte, and a separator. The electrodes are usually made of porous material such as activated carbon to increase the surface area. The two porous electrodes are immersed in electrolyte and separated by porous insulating membrane. During the charging process, electrons accumulate at negative electrode. But there is no charge transfer between electrode and electrolyte. Instead, an electrochemical double-layer of charge is formed at the interface between the electrode and electrolyte. Moreover, the porous nature of supercapacitor electrode cause different charging/discharging characteristic throughout the electrode material. Because the pore size is comparable to the ion size, the limited conductance of the electrolyte leads to a voltage drop along the pore. The macro-pores get charged/discharged much more quickly than the meso-and micro-pores. Through time, the charge stored in the macro-pores migrate to the deeper pore structures. Thus the distinct terminal voltage drop in the case of short charging cycles is actually caused by both the effect of redistribution of ions to areas of low ion concentration and self discharge, which may be caused by overpotential decomposition of the electrolyte, redoxreactions due to impurities or possible internal ohmic leakage pathway of the double-layer at the electrolyte-carbon interface.
The VLR model ( Fig. 1) is proposed in previous literatures [23, 24] to better capture the longterm behavior of supercapacitor. It models the charge redistribution process and self-discharge process as equivalent circuit components, which makes it straightforward to analyze the significance of charge redistribution. In this model, the input and output regulators are neglected to facilitate the analysis.
The first branch of the VLR model consists of a resistor R 1 , a constant capacitor C 0 and a voltage dependent capacitor [26] The time constant of first branch is on the order of seconds. The second branch is composed of a resistor R 2 and a constant capacitor C 2 . This branch models the charge redistribution and longterm behavior of supercapacitor with a time constant of minutes. The variable leakage resistance R 3 characterizes the time varying self-discharge.
To derive the supercapacitor model that takes power as input, the VLR equivalent circuit model is employed. According to Kirchhoff's current law, the relationship of the three branch currents can be described by
For the first branch, we have
In which, V 1 is the voltage of the first branch capacitor. The dynamics of the first branch can be represented by
The numerical solution is solved as
Similarly, the second branch has
and
The ordinary differential equation that describes the second branch is
The numerical solution is
The third branch current can be calculated as
in which, R 3 is a piece wise linear function of terminal voltage V t . The relationship between supercapacitor terminal voltage V t and its internal state V 1 and V 2 can be derived as
V t can be calculated by
where
Since charging/discharging current can be represented by
(12) can be translated into
The solution of (15) is
Here, V t (t) is replaced by V est (t), which is used to represent the estimated terminal voltage value. Thus, assuming the supercapacitor state (V 1 and V 2 ) at any time t is given, the terminal voltage of the supercapacitor V est at time t can be estimated. Furthermore, the supercapacitor state at time t + ∆t can be calculated from V est (t) based on (5) and (9) . Therefore, terminal voltage of supercapacitor can be recursively predicted as long as the power input P [n] is given for each time step.
At each time slot, terminal voltage is predicted using simple mathematical operations. Therefore, the computational cost of the proposed modeling method is mainly determined by the step size, T .
What is to be noticed is that the value of R M has to be determined before calculating the terminal voltage V est as in (16) . While, to calculate R M , the value of R 3 is needed, which is a piece wise linear function of terminal voltage V est . To solve this problem, the estimated terminal voltage V est in the previous time slot is used to determine R 3 , and then calculate for R M . This approximation is reasonable if the step size T is not very large. As a matter of fact, the variance of R 3 has been shown to have little impact on the short-term and mid-term behavior of supercapacitor.
The model proposed in our previous work [26] estimates the supercapacitor state of charge given its terminal voltage measurement. The model developed in this paper intend to use the predicted charging power profile (for energy harvesting sensor nodes) and estimated power consumption of various tasks as input and predict the terminal voltage of supercapacitor. The purpose of the power input model is to support many power management applications in which the terminal behavior needs to be predicted based on the desired working status of of sensor node and the estimated harvesting energy. These power management algorithms often use the predicted terminal voltage to decide if the power consumption of the sensor node needs to be adjusted to maintain energy neutral operation, since the supercapacitor terminal voltage needs to be larger than a threshold to guarantee minimum operation of the sensor node.
Moreover, the model in our previous work [26] can be used in conjunction with the model developed in this paper to conduct receding horizon power management [28] . At each planning interval, the current state of charge could be estimated with the measured terminal voltage, and then used as the initial condition for predicting the terminal behavior for a finite horizon. Optimal power management strategy can be calculated for the finite horizon. Then at the next time interval, this process can be repeated to calculate the optimal strategy for the next finite horizon. With the receding horizon power management, the influence of model uncertainty and perturbation can be greatly reduced. Furthermore, the developed power input model can also be used in the simulations to study the characteristics, especially the charge redistribution, of supercapacitor fed by a dynamic charging/discharging power profile.
Model parameter identification of supercapacitor
A parameter identification method is proposed for the VLR model in the work of Yang [24] . The parameter identification procedures are based on two experiments: a charge-redistribution experiment for the first and second branches, and a self-discharge experiment for the leakage branch. The identified model parameters will then be further validated by a dynamic test, which includes several charging and discharging processes. The Maccor system [25] is used to perform the three experiments.
However, the model parameter identification method in previous work is based on three assumptions. The first assumption is that there is no interaction among branches during rapid charging or discharging, which is generally not true. The second one assumes there is no leakage during the charge redistribution experiment. But self-discharge is constantly happening as long as the terminal voltage of supercapacitor is not zero. The third assumption assumes the charge redistribution stops at t = 3τ 2 , in which τ 2 is the time constant of the second branch. This indicates the voltages of first branch and second branch achieve balance at time 3τ 2 . It often requires many trial and error to find an appropriate value for 3τ 2 . Therefore, multiple trials have to be conducted to find a good set of parameters.
To bypass the assumptions of previous work and facilitate the identification process, a genetic algorithm based identification method is presented. With the proposed method, a dynamic test is performed to identify the first and second branch parameter values and a self-discharge experiment is performed to identify the variable leakage resistance. Then a different dynamic test has to be conducted to validate the identified parameters. For differentiation purpose, the first dynamic test profile is called the training profile and the second dynamic test profile is the testing profile.
The genetic algorithm is used to find parameter values that minimizes the fitness function that will be defined later. To reduce the search space of the genetic algorithm, the following constraints are added based on the supercapacitor characteristics.
1. R 1 can be estimated given the ESR value from the data sheet. The constraint for R 1 is
in which, δ 1 can be chosen as δ 1 = 0.02 * ESR. This is based on the fact that R 1 is very similar compared to the value of ESR.
The constraint for the first branch capacitance is
This is because C 0 corresponds to the minimum capacitance and
corresponds to the maximum capacitance of supercapacitor. The capacitance range of supercapacitor must contains the rated capacitance.
3. The constraint for second branch capacitance is
This constraint is due to the fact that the redistributed charge is only a small portion of the total charge. Because of the finite conductance of electrolyte and the small size of micro and meso pores, charge stored in these pores are limited. Therefore, C 2 , which represents the storing capacity of these pores, must be smaller than C 0 .
4. The time constants of first and second branches must satisfy
This constraint is used to make sure the ratio of first and second branch time constant is smaller than 0.01, thus the two branches represent the immediate dynamic and delayed dynamic of supercapacitor respectively.
The optimization problem can be formulated as In (22), X is a vector that represents the set of parameters (R 1 , R 2 , C 0 , K v , C 2 ). fitness(X) represents the squared error between the measured voltage and the voltage estimated by the model using the parameter set X.
A 310 F 2.7 V supercapacitor is used to validate both the parameter identification method and the supercapacitor power input model. The dynamic charging/discharging power profile used for training is shown in Fig. 2(a) . Before the experiment, the supercapacitor is charged by a 1 volt constant voltage source for an hour, therefore the initial values of V 1 and V 2 are 1 V. The terminal voltage of supercapacitor during the test is measured and shown in Fig. 2(b) .
Since the genetic algorithm is a random search algorithm in nature, we run the genetic algorithm for 25 times. For each run, the population of each generation is 500. The maximum number of generations can be 200. But the algorithm will be terminated if the fitness value no longer shows improvement. The set of parameters corresponding to the smallest fitness value is selected as the parameter for the 310 F 2.7 V supercapacitor, which is shown in Table 1 . The voltage simulated by the power input model is compared with the measured data as in Fig. 2(b) , which indicates that the identified model parameters can represent the terminal behavior of the supercapacitor. After determining the parameters of first and second branches, the value of variable resistor R 3 is related to the terminal voltage V term by a piecewise linear function as in (23) . The identified model parameters are validated using a testing power profile as in Fig. 3(a) . The initial state of the supercapacitor is V t = V 1 = V 2 = 2.7V . This is achieved by charging the supercapacitor with a 2.7 V constant voltage source for one hour before the dynamic test. The comparison of the simulated voltage and the measured voltage is shown in Fig. 3(b) . It is shown that the terminal behavior of supercapacitor can be accurately predicted by the developed power input model with the identified parameters. For comparison, the supercapacitor terminal behavior predicted by the EIE model is also shown in Fig. 3(b) . EIE model significantly underestimate the terminal voltage since the charge redistribution phenomenon is neglected. Moreover, the internal state of supercapacitor is estimated from the measured terminal voltage using the numerical method proposed in previous literature [26] . The internal state variables (V 1 and V 2 ) are then compared with that estimated from the method in Section 2.1. The results are shown in Figure 4 . It indicate that the internal states can also be captured by the proposed modeling method. In the following sections, this model will be used to analyze the influence of charge redistribution on power management.
Influence of Rated Capacitance on Charge Redistribution Significance
Figures of merit for charge redistribution
Based on the developed model, two figures of merit can be defined for evaluating charge redistribution in supercapacitor. To derive the figures of merit, we first calculate the currents that flow into the two branches, since the currents of immediate branch and delayed branch represent the speed of charge accumulation in the two branches.
According to (2) and (6), the relation between the first branch current I 1 and the second branch current I 2 can be derived as:
Plug (24) into (1) gives:
Thus, I 2 can be solved as
and I 1 can be solved using the similar way as
Equation (26) and (27) show that the currents injected into the first and second branch are composed of two components. The first one is the result of charging/discharging current minus the self-discharge current. The second one is caused by the charge redistribution effect. For example, on the right hand side of (26), the first term is the result of external charging/discharging, and the second term is the result of charge redistribution. When V 1 > V 2 , the charge transfers from first branch to second branch, which makes the second term positive. While when V 1 < V 2 , charge transfers from second branch back to first branch. And the second term becomes negative.
Let
K c represents the portion of charge injected into the first branch. Larger K c means more charge flow into the first branch and less charge flow into the second branch. This causes the unbalance of charge storage in the first two branches. From the second term on the right hand side of (26) and (27) , the second charge redistribution related figure of merit can be derived. It reflects the charge transfer between the first two branches. As is shown, the redistribution current depends on |V 1 − V 2 |. Moreover, the the redistribution current is monotonically decreasing, since the value of |V 1 − V 2 | is decreasing. Therefore, the decreasing rate of |V 1 − V 2 | can reflect the significance of charge redistribution.
The dynamic change of V 1 −V 2 is analyzed as follows with two assumptions. First, assume there is no external charging or discharging to focus on redistribution between the first two branches. Second, the effect of self-discharge is neglected because of the small magnitude of self-discharge current. With these assumptions, first branch dynamic can be represented by
and the second branch dynamic can be described as
Thus the dynamic of V 1 − V 2 can be derived as
then (32) can be converted to
If K r was a constant, the solution of
where K r represents the rate of decay of V 1 (t) − V 2 (t). Here, K r is a function of V 1 , which is not a constant. The value of V 1 changes within [1.0, 2.7], since in practice a DC-DC converter is often used to stabilize the output voltage of the supercapacitor, which has a minimum input voltage of 1 volt. Although K r is not a constant, it still represents the rate of balancing of two branch capacitors, which also reflects the significance of charge redistribution. In summary, the significance of charge redistribution can be described by K c and K r . K c represents the portion of current injected into or extracted from the first and second branches. It reflects the significance of charge redistribution from the charge accumulation or extraction point of view. K r represents the rate of balancing of V 1 (t) and V 2 (t), which reflects the significance of charge redistribution from the internal charge balancing point of view. In the next section, it will be shown that for supercapacitors with different rated capacitance, K c and K r have similar values. Thus different types of supercapacitors share similar charge redistribution phenomenon.
Charge Redistribution Analysis of Supercapacitors with Different Rated Capacitance
In this section, the charge redistribution phenomenon of supercapacitors with various rated capacitance are studied based on the proposed figures of merit. The investigated supercapacitors are manufactured by Maxwell with a rated capacitance of 5 F, 10 F, 50 F, 100 F, 150 F and 310 F.
The parameter identification method proposed in Section 2.2 is employed to identify the parameters for all the supercapacitors. Since the parameters can be different even for supercapacitors with the same rated capacitance due to the manufacture process, two samples are tested for each type of supercapacitor (three samples for 5 F supercapacitor), and the average value of the parameters are calculated to reveal the common feature for the type of supercapacitor. Using the average values, K c and K r are calculated to evaluate the significance of charge redistribution for the corresponding type of supercapacitor. What is to be noticed is that, K r depends on the value of V 1 . Thus three K r are calculated. Max K r represents the value corresponding to V 1 = 1 V. Min K r corresponds to V 1 = 2.7 V. Avg K r is calculated when V 1 = 1.85 V, which is the median of V 1 's working region. The results are shown in Table 2 . From Table 2 , it is obvious that even the same type of supercapacitors can have different parameters, especially for the 5 F 2.7 V supercapacitors, whose R 2 value shows notable difference. Therefore, three samples are picked for the 5 F 2.7 V supercapacitor. This phenomenon may be due to the difference in the manufacture process.
With the increase of supercapacitor rated capacitance, the value of R 1 decreases, so does the value of R 2 . The values of C 0 and K v increases. This indicates the resistance of charge transfer decreases with the increasing of supercapacitor size, and the capacitance of the immediate branch increases with the supercapacitor size. For the delayed branch, the change of capacitance is more complicated.
It is shown that the value of K c is very similar among different types of supercapacitors. Therefore, different types of supercapacitors share the similar charging/discharging characteristics. Although the variation of the K r value is slightly larger, they still show similar rate of balancing effect between two branches among different size of supercapacitors. In general, the results indicate that the significance of charge redistribution phenomenon is similar among different size of supercapacitors.
However, it is to be noticed that the K c value of 10 F supercapacitor is slightly smaller and the K r value is larger. This indicates the charge redistribution phenomenon of the supercapacitors are less significant. This may be the result of previous extensive use of the 10 F 2.7 V supercapacitors. It is known that the long-term use could cause modification of the electrode structures and, particularly, a change in pore sizes and distribution [30] . Specifically, the diameters of the pores and the pore depth decrease with time. This is due to the impurities settlement around the wall of pores which reduces the surface area of activated carbon. Though the large pores can still accommodate electrons after power cyclings, many small pores are blocked or become too narrow for electrons. As a consequence, charge redistribution phenomenon become less significant since the storage capacity of the meso and micro pores decreases.
Significance of Charge Redistribution on Power Management
In this section, charge redistribution significance is studied by quantitatively estimating the energy benefit that may be achieved when V 2 > V 1 , which is the energy redistributed to the immediate branch from the slow branch and become quickly available for task execution. Several factors that may influence the energy benefit are studied. By quantitatively estimating the energy benefit with these factors, guidelines are presented for designing the power management techniques to fully retrieve the stored energy.
Energy Benefit for Supercapacitors with Different Rated Capacitance
Since K r represents the balancing rate between the immediate branch and the redistribution branch of a supercapacitor, it can be used to quickly estimate potential redistribution energy benefit with time for a given initial state of charge.
Although, K r is a variable that depends on V 1 according to (33) , we choose the average value in Table 2 to simplify the procedure of analysis. This is reasonable since Table 2 shows that the value of K r doesn't change significantly. At the same time, C 1 is also treated as a constant with a value calculated at the median of the V 1 's working range, V 1 = 1.85 V .
Since the resistance of the third branch is very large, the charge dissipated due to leakage can be neglected. Thus
The value of V 2 (t) can be represented by
Plug (37) into (35) gives
Based on (38), if there is no external charging or discharging, the value of V 1 can be estimated given the time t and the initial state V 1 (0) and V 2 (0). Then the change of quickly available energy can be calculated as
The value of ∆E QA (t) can be used to represent the energy benefit. A typical case when V 1 (0) = 1.7 V and V 2 (0) = 2 V is taken as an example here to illustrate the energy benefit of charge redistribution for supercapacitors with rated capacitance of 5 F , 10 Fig. 5 show that the quickly available energy increases with time and the increase becomes less and less significant. Larger size of supercapacitors are shown to have more energy benefit than smaller size of supercapacitors for the same initial state of charge. For example, when t = 120 seconds, the energy benefit of 10 F supercapacitor is 0.5116 J, and the energy benefit of 310 F supercapacitor is 6.1867 J. Therefore, in real applications, depending on the power consumption of the task and the size of supercapacitor, the charge redistribution may need to be taken into account. If the energy benefit are comparable to the energy consumption of the task , then by predicting the energy benefit from charge redistribution, the task can be preassigned to fully retrieve the stored energy. Another factor that influence the energy benefit of charge redistribution is time. From Fig. 5 , it is shown that charge redistribution generally has a time scale of several minutes, the benefit of predicting charge redistribution energy and making use of it may be negligible if the time scale of power management is too small.
Energy Benefit for Supercapacitors in A Practical Case
The significance of supercapacitor charge redistribution has been evaluated for different sizes with a fixed initial condition in the previous section. However, when used in the real sensor nodes, state of charge of a supercapacitor may vary a lot. In this part, the change of charge redistribution benefit with the initial condition is investigated. In addition, a DC-DC converter is always used to stabilize the varying output voltage of a supercapacitor. The DC-DC converter has additional energy loss. We will investigate if this energy loss may cancel the supercapacitor redistribution benefit.
The model parameters of the identified 310 F 2.7 V supercapacitor sample in Table 1 is used for investigation in this section. The supercapacitor is connected to a sensor node via the DC-DC converter, as shown in Fig. 6 . A duty cycling scenario is created with a sleep mode lasting 120 seconds after an active mode that is assumed to create various initial state of charge for the supercapacitor.
Based on the data of the TmoteSky MICAz sensor node [33] , the current consumption of sensor node during sleep mode is assumed to be I n = 0.0001 Amps as a pessimistic estimation. The voltage of the sensor node is V n = 3.3 V. Thus the power consumption during sleep mode can be calculated as P out = V n × I n . The duration of the sleep mode is assumed to be 120 seconds.
In previous works [19, 29] , the efficiency of the DC-DC converters is assumed to be constant. However, in practice, this problem might need to be analyzed case by case. The TPS61221 DC-DC buck-boost converter from Texas Instruments [31] is used for analysis in this section. It ensures a stable and constant supply voltage of 3.3 V. The converter starts converting at an input voltage of 0.7 V. However, the threshold of supercapacitor terminal voltage used by sensor node is often set to be 1 V to ensure enough margin. The efficiency of the interface circuit is first assumed to be 80%.
The initial state of supercapacitor at the beginning of the sleep mode covers all the cases in
Supercapacitor power input model derived in Section 2 is employed here to simulate the internal behavior of the supercapacitor and calculate the energy benefit, which is the increased energy in the first branch during sleep mode, as in (40).
The energy benefit can also be represented as
in which, E redistributed denotes the redistributed energy from second branch to first branch, E loss represents the energy loss due to interface circuit and E sleep is the energy consumption of the sensor node during sleep mode. If E benef it > 0, then the energy gain from redistribution is greater than the overall energy dissipation during sleep mode. Otherwise, the energy gain is canceled out by the energy loss during sleep mode. Fig. 7(a) is the calculated energy gain at the end of sleep mode. It is shown that for all the supercapacitor states that satisfies V 2 > V 1 the energy gain is greater than zero. Thus the energy gain is greater than the dissipated energy during the sleep mode. Furthermore, the energy benefit from charge redistribution can be quite significant. The maximum energy benefit is as large as Fig. 8 . Efficiency versus input voltage and output current of the TPS61221 [31] 13.78 Joules when V 2 = 2.7 V and V 1 = 1.3 V. When V 2 = 2 V and V 1 = 1.7 V, the energy benefit is 3.791 Joules, which is able to support radio listening task for 78 seconds according to the data of real system [32] . Thus due to the low power nature of wireless sensor network, the charge redistribution can have a significant influence on power management. The energy loss caused by DC-DC converter is 0.0099 J.
The previous conclusion is based on the assumption that efficiency of the interface circuit is constant. However, in real system, the decrease of efficiency when input voltage is low may lead to additional energy loss, which may eventually cancel out the benefit of charge redistribution. Therefore, the varying efficiency of DC-DC converter is taken into consideration in the simulation. According to the datasheet, the efficiency of TPS61221 can be represented as a function of supercapacitor terminal voltage and the output current as in Fig. 8 . The curve of efficiency is approximated using a piece wise linear function in our investigation. Then supercapacitor is simulated using the power model and the energy gain is calculated with (40). The result is very similar with Fig. 7(a) , and the difference between these two results is plotted in Fig. 7(b) , which corresponds to the energy loss due to varying efficiency of DC-DC converter. It is clear that the energy loss is insignificant compared to the energy gain from redistribution. Thus the charge redistribution is significant to power management even when the varying efficiency of DC-DC converter is taken into consideration.
Conclusion
Supercapacitors have been employed in various applications. In most of these applications, the supercapacitor is connected to the system via an interface circuit, which is characterized by a variable energy conversion efficiency. Thus a model that describes the dynamic behavior of supercapacitor fed by a dynamic charging/discharging power profile is important for developing power management techniques. In this paper, a supercapacitor power input model is derived based on the previously developed supercapacitor practical model. The model iteratively predict the terminal voltage given the supercapacitor internal states and the charging/discharging power. Moreover, a genetic algorithm-based method is developed to facilitate the model parameter identification of supercapacitors.
Two figures of merit are derived from the power input model to evaluate the significance of charge redistribution in supercapacitors, and are used to analyze charge redistribution of supercapacitors with various rated capacitance. The results show that supercapacitors with different rated capacitance share similar charge redistribution phenomenon. Furthermore, the charge redistribution significance is studied from the perspective of power management by estimating the potential energy benefit. A method to quickly predict the available redistribution energy benefit of a supercapacitor at different time is developed based on a figure-of-merit parameter, and the potential energy benefits of supercapacitors of various sizes are analyzed using this method. The results can be used to quickly estimate whether the redistribution energy benefit is significant for a given application. In addition, the impact of charge redistribution on power management is also analyzed when the supercapacitor is connected to a sensor node via an interface circuit. The charge redistribution is still significant when taking the interface circuit efficiency into consideration. This paper indicates that charge redistribution is significant for many practical applications, and it could bring potential benefit to wireless sensor network applciations when the power management strategies are designed properly.
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